SINGLE WHEAT KERNEL COLOR CLASSIFICATION
USING NEURAL NETWORKS

D. Wang, F E. Dowell, R. E. Lacey

ARSTRACT. An oprical radiation measurement svstem, which measures reflectance spectra from 400 to 2000 nm, was used
o guannify single whear kernel color. Six classes of whear were used for this stwdy. A newral network (NN) using inpur
deta dimension reduction by divergence feature selection and by principal component analvsis was wsed to deternrine
single whear kemel color class. The highest classificarion accuracy was 98.8% when the divergence feanure selecrion
method was used to reduce the number of NN inputs, The highest classification dccuracy was 98% when principal
component analvsis method was nsed ro reduce the number of NN inputs.
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heat is classified as either red or white

depending on the color of the sead coat.

These two basic colors, as well as certain

variations within each color, are commonly
considered in the classification of wheat for grading
purposes. Red wheat and white wheat have different
milling, baking, and taste properties, and different visual
characleristics. In the world markets, a premium may be
paid for a particular color class based on nutntional and
end-use values (Ronalds and Blakeney, 1995; Bason et al.,
1995). Currently, wheat color is determined by licensed
inspectors. In the United States, USDA Grain Inspection
Packers and Swockyard Administration (GIPSA) personnel
visually examine wheat samples to determine kemel color.
Inspectors may use slightly different criteria to distingnish
red from white wheats. This can resull in unreliable
classification when the threshold between red and white is
not clear. Wheat color is controlled by up to three red genes
{Metzger and Sibaugh, 1970). Baker (1981) indicated that
varous combinations of those red genes impant different
shades of red to the genotypes. Flintham (1993) reported
that the degree of red pigmentation increases with the
number of the genes (one w three). This would make some
single red gene wheats difficult Lo distinguish from while
wheat, Beside genetics, weather conditions such as rain
damage which s known to “bleach™ red wheat, soil
conditions, cultivar, disease, and insect damage frequently
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cause vanations within each color class and affect visual
appearance of the kemel. Therefore, red and white wheats
are not always visually distinguishable. Thus, wheat from
cach color class may get mixed, resulting in wheat of lower
quality and value than the pure lots.

Several methods to measure wheat color have been
studied. Kernels can be soaked in a solution of sodium
hydroxide (NaCH) 1o assist inspectors in determining color
class. Genetically red kermels tend to tum red after soaking;
whereas, genetically white kemels tend to mrn light cream
in color (Dowell, 1997 Chmelar and Mostovej, 1938;
Quartley and Wellington, 1962; Kimber, 1971; DePauw
and McCaig, 1988), Chen et al. (1972) converted pereeived
color to a point in a three-dimensional color space using a
colorimeter. Other methods quantify kernel color by
measuring reflectance at many different wavelengihs
(Massie and Norris, 1965; Hawk et al., 1970
McCaig et al., 1992, 1993; Ronalds and Blakeney, 1995;
Delwiche and Massie, 1996). However, most research
meassured the color of bulk samples. Quantifying the color
of single kemels is necessary to determine whether a bulk
sample has a mixture of red and white wheat classes.
Moreover, most previous research did not include kernels
that were not obviously red or white, Thus, some means of
measuring color of single kemels, including karnels that
are not obviously red or white, is needed.

Mear-infrared reflectance may provide a means of
rapidly classifying genctically red and white wheats,
independent of visual characteristics. The acceptance of
near-infrared (NIR) reflectance analysis as a quantitative
ool in recent years is, in large part, the resull of increases
in the guality of the spectra and the power of the
mathematics used in analysis, For quantitative analysis, the
mathematical techniques of multiterm linear regression
(MLE) (Hruschka, 1990}, partial least squares (PLS)
regression (Bjprsvik and Mariens, 1992}, and principal
component regression (PCR) (Gunst and Mason, 1979
have been wsed for extracting the necessary information
from the resulting mass of data. Artificial neural networks
[ANN) can also be used for quantitative analysis. Dowell
(1994) used ANN to classify damaged and undamaged
peanuts kernels. The results showed that, when compared
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to statistical means of classifving kernels using specific
wavelengths or data from a colodmeter, ANN comectly
classified about 3% and 13% more kemels for damaged
and undamaged kernels, respectively. Delwiche and Norris
(1993) used PCR to classify ground samples of hard red
spring and hard red winter with a correct classification rate
of 95%. Using the same data, Chen et al. (1995) developed
a back-propagation neural network classification model
with corract classification rate of 35.9%. Song et al. (1993)
wsed neuwral network models to determine wheat class with
an average accuracy of 98% to 100% for two-class models
and 95% for a six-class models. However, for color
classification, most results were based on PLS and MLR
analysis of spectra from bulk samples. For neural networks,
the large data dimension (number of wavelengths used for
analysis) is a major problem which limits the application of
neural network to spectral data analysis. The large number
of impul nodes requires many training examples and
excessive training ime for developing a model with desired
prediction capability,

The objectives of this research were to: (1) investigate
the feasibility of wheat color classification based on NIR
reflectance spectra of single kemels using a neural network
technique; and {2) find an effective method to reduce the
spectra data dimension for neural network analysis.

MATERIALS AND METHODS
MATERIALS

Six US. market classes of wheat, hard red spring
(HRE5), hard red winter (HREW), soft red winter (SEW),
hard white wheat (HWW), soft white wheat (SWW), and
durum (DUR) supplied by the GIPSA technical center
{ Kansas city, Muo.), were used for single wheat kemel color
classification (table 1). Each class was represented by six
or seven varieties. Twenty-five kernels were randomly
selected from ecach varety for a total of 130 or 175 kemels
per class. In addition, 200 kernels were selected from
wheats determined to be difficult-to-classify (DTC) as red
or white by USDA GIPSA. Most durum wheat in the U.S.
is genelically white, Red durum wheat is grown to a very
limited extend for feed purpose only. Therefore, only white
durum wheats were used in this research. Samples
originated from the 1993-1995 crop years.

EQUIFMENT AND OPERATION
An optical radiation measurement system (Oriel
Corporation, Stradford, Conn.) was used to measure single

Tahle 1. Wheat samples used for single wheat
kernel color classification

Class®  Varieties  nf MC ()8 Prolein (%)}  Hardnesst
HRES fi 1501 10,70 12,50 1L11-17.30 63, 6-50.3
HEW & 150 9421172 Q3816106 616812
SRW h 150 10.ET=15.26 K.4T7-11.50 13.9-25.3
HWW 4 150 Q07-1207  1063-1403 5509235
SWW 7 175 9.32.1593 BT0-14.24  210-49.8
DUR a 150 11431246  1230-165%0 3709438
Te ] 200

* HRES = Hard red spring. HRW = Hard sed winter, SEW = Soft red
winter, HW'W = Hard white wheat, S8WW = Soft white wheat, DUR =
Durugn, and DTC = Difficolt w classify.

n = number of kernels per class {25 kernels per vanety), MC, protein,
and hardness were average value of the balk samples.

()
v

wheat kemnel reflectance spectra from 400 1o 2000 nm at
2 nm intervals. The optical radiation measurement system
consisted of a radiation source system. a control syslem
(RS5-232 Merlin™, Model No. 70100), a chopper (Model
Na, 75152), a monochromator (Model No, 77250 1/8 m), a
lead sulfide detector (Model No. 701313, and software
ifig. 1). The radiation source system consisted of a 12V
power supply (Model No, 68831), a pholofeedback
controller system (Model Mo, 68550), a 100W lamp
(Model No, 6333), and lamp housing (Model No. 60000).
The power supply was designed to meet the need for a
highly regulated source of current for proper operation of
the quartz tungsten halogen lamp. The photofeedback
controller system interfaced with the power supply to
maintain a constant radiation level regardless of lamp
aging, line voltage variation, and change in ambient
lemperature. The control system controlled the chopper
speed and received signals from the detector. This unit was
designed to provide all the necessary functions needed for
the phase sensitive detection of low radiation signals and
utilized state of the art digital processing techniques. The
chopper modulated the radiation w be measured. The
monochromator provided a wide spectral range (190 w0
2400 nm) with interchangeable gratings, high throughput,
and low stray radiation. The software integrated all
individual parts in the system and controlled the individual
components from a PC-compatible computer running the
Windows operating system.

Chopped hight was delivered by a 2-mm diameter
optical liguid fiber (Model No. 77634) with an F# =1 1o
illuminate a single wheat kernel. The illumination fiber was
oriented 45° from vertical, with the fiber end being located
B-mm from the kemel. Another 2-mm diameter optical
liquid fiber (Model No. 77634) with an F# = 1 collected
radiation reflected from wheat kernel. The reflectance fiber
was oriented verlically above the wheat kernel with the
fiber end being located & mm from the wheat kernel. The
grating (Model No. 77350) was blazed at a wavelength of
7530 nm with a groove density of 600 linesfmm and a
reciprocal dispersion of 13.2 nm/mm, The primary grating
wavelengths were 450 to 2000 nm with a usable range of

Contral systom
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Fipure 1-An optical radiation measurement system used to measure
single wheat kernel reflectance.
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400 to 2000 pm, Identical entrance and exit slits for the
monachromator were set al a height of 12 mm and a width
of 1,56 mm. This gives a passhand of 10 nm. A lead sulfide
detector measured the single wheat kemel reflectance from
400 to 2000 nm. Reflectance readings were referenced o a
standard bascline created using spectralon™ with 9%
reflectance (Labsphere Inc., North Sutton, N.H.). To
minimize instrument fluctuations over time, the standard
baseline was scanned once per hour, The constant time and
pause tme ol the detector were set at 0.3 and 105,
respectively.

Dara PRETREATMENTS

The spectral data were Arst transformed o Log(l/R)
using the software package “Gram/32" (Galactic Industries
Co., Salem, N.H.) and stored in Grams/32 format. The
spectral data were smoothed using the Savitsky-Golay
smoothing method (Savitsky and Golay, 1964). This
method uses a convolution approach which performs o least
squares fit to a specified window of data points. Smoothing
is controlled by the degree of polynomial and the number
of smoothing points parameters. The degree of polynomial
specifies the order of the polynomial to fit over the
specified number of smoothing points, A Sth-order
polynomial with 25 points was used for smoothing the
wavelength region from 400 to 1450 nm. Because more
noise occurred after 1430 nm wavelength, a fifth-order
polynomial with 45 points was used for smoothing the
wavelength region from 1450 to 2000 nm. The caleulation
of the first and second derivatives was also based omn the
Savitsky-Golay method. Derivatives are an approach to
addressing two basic problems with near-infrared spectra:
overlapping peaks and large baseline vanations (William,
1990). A fifth-order polynomial with 25 points was used o
calculate the first and second derivatives. Mean centering
was used to scale the data so that the mathematics of the
spectral decomposition and correlations would perform
better. This involves calculating the average of all the
specira in the training set and then subiracting the average
from cach spectrum. By removing the mean from the data,
the differences hetween the samples are substantially
enhanced in terms of both concentration and spectral
TESpOnse,

DIVERGENCE FEATURE SELECTION

Divergence is a measure of “distance”™ or dissimilarity
between two classes, It can be used to determine feature
ranking and w evaluate the cffectivencss of class
discrimination. If there are two classes ; and ws and their
probability density functions at X are P(X/wy) and
P(X/m,), then the discriminating information for class
and s at X is delined s

uz =In—8L =—uy (1)

The average discriminating information is:
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Luzy=| P X]lli @1 gy (2)
il p X
w3

The inverse average discriminating information is:

. pX
fe) = P(-Uf_.-]m—-ﬂx:,ux (3)

|

The divergence is the sum of the discriminating
information:

Iql23:111.21+112.!j (4

Assume that both classes are described by normal
distributions:

Nim;.Cy) and Nim, Cq)
where my and m are the mean vectors, and Cy and 5 are
n by n covariance matrices, The divergence for two classes
is:

]u:}:é—tf[ {l:l —C:HCE] —C;I”

o

! (C7! +C'5_I}[n1;-m:}[lm-m;s_]l L (5)

where tr is the trace (the sum of the diagonal elements of
matrix). Two special cases are of particular interest:

Case 1, Equal covariance matrices: C; =C;=Candn=1.
The divergence between two classes is:

bt
J"I:I =LH-J;:E-2-.L {ﬁ}

In which i and W5 are means, and 82 is the vanance.

Case 2. The two classes have the same means: my = m,
and & = (). The divergence is:

J:uﬁé—“l (C1-Ca)lert -7} ]

wl(cyci') v (o) (7

_1
2

For single wheat kemel color classification, the largest
distance belween reflectance spectra of red wheats and
white wheats must relate to the greatest dissimilarity of red
wheats and white wheats. Therefore, the wavelength region
with the largest distance between the rellectance spectra of
red wheats and white wheats tends to cover the most
important feawsres which carry large discriminatory
information and can be used as input to a neural network.
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Figure 2-Divergence of single wheat kernel color class as a functivn
of wavelenpgth (nm).

Figure 2 shows the divergence curve hetween red wheats
and white wheats with Log(1/R), the first derivative, and
the second derivatives for sample sets without durum. The
results indicate that the largest distance between two
sarmple sets for Log (1/R) is between 450 nm and 850 nm.
Therefore, the wavelength region from 430 nm to 830 nm
could be used for newral network analysis. A complete
discussion of divergence feature selection method is
included in Tou and Gonzalez (1974).

PRINCIPAL COMPONENTS ANALYSIS

Principal component analysis (PCA) is a mathematical
procedure for resolving sets of data into orthogonal
components whose linear combinations approximate the
original data. In speciroscopy, the spectra data are usually
correlated and the number of underlying components s
smaller than the number of variables or number of
spectra. The PCA method approximates a spectral vector
with a linear combination of a set of orthogonal vectors,
or factors as!

YIE ailﬂt +H.|:C2+ 313{:34‘. . .35ka (3_]'

where Y, is a spectral vector, € is the ke factor
(component), and aj is the keh coefficient associated with
the ith spectrum. Coefficients a;; to a;,. are called the scores
of the ith spectral vector. In this way, the spectra in a
wavelenpth space can be transformed inlo a vector space
with k dimensions. Then the scores of each spectral vector

can be used to develop newral network models.
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Figure 3-The comulative variations as a function of the number of
the principal componenis.

As successive components are caleulated, the first few
principal components account for the maximum possible
amount of residual variance in the set of data. The number
of principal components used for neural network analysis is
based on the cumulative varations accounted for. Figure 3
shows the cumulative variation as a function of the number
of principal components. For Log (1/R), the first
10 principal components account for about 995 of the total
variation. Therefore, the first 10 principal components
could be used for neural network analysis. For the first
derivative, 30 principal components were needed to
account for about 91% of the total variation. This means
thal when the first derivative is used for nevral networks.
more principal components are needed. For the second
derivative, each principal component accounts for a small
percent of the total variation. Thus, even more principal
components are needed when using the second derivative.
The PRINCOMF procedure (SAS Institute, Inc., 19900 was
used to caleulate principal components,

NEURAL NETWORKS

The software package “NeuralWorks Professional
II/Plus™ (NeuralWare, Inc.. Fittsburgh, Pa.) was used for
data analysis based on back-propagation networks, Back-
propagation uses a learning process to minimize the global
error of the system by modifying node weights. The weight
increment or decrement is achieved by using the gradient
descent rule. The network is trained by initially selecting
the weights at random and then presenting all raining data
repeatedly. Weights are adjusted after every tnal using
external information specifving the correct result until
welghts coverage and error are reduced to acceptable
values. A complete discussion of back-propagation network
theory is given by Hecht-Nielsen (1989).

The network inputs were selected by the divergence
feature selection method and principal component analysis
method as discussed carlier. Table 2 shows the experimental
designs for neural metwork classification with the
divergence feature selection method. The training sample
sets and the testing sample sets used for principal
components cxtraction are the same as the sample sets used
for neural network analysis based on the divergence leature
selection method. For the PCA method, each sample’s

TRANSACTIONS OF THE ASAE



Table 2, Experimental design lor neural network classification of
single whieat kernel color class wsing visible and NIR reflec-

tance spectra with divergence feature selection method

Classification Models Wavelength Kange (nm) Data Points
Sample ser without durom™

Luog(1/R) 450.850 201

1st derivative FA0-950 201

2l derivitive 6400 | (0 201
Sample sel with durum®

Lagil/R) 450-H00 176

sl derivistive 550950 201

2nd derivanve (000 100 211

* For the sample set withoul dorvm, the number of kemels in the
calibratinn set are: red = 223 and white = 15(); the number of kemcls
1 the testing set wre: red = 350 and while = 250, For the sample set
with durum, the number of kermels in the calibration set are: ned = 225
and wlite = 225; the number of kemels in the westing sel are; red =
3500 and white = 325,

scores associated with the first 10, 15, and 20 principal
components from decomposition of the 500 to 1700 nm
region were calculated. These PCA scores were used as
input nodes 1o develop newral network models, For each
classification experiment, two types of newral netwotks
(with and without a hidden layer) were tested for each data
pretreatment. The network with the highest testing accuracy
was recorded as the best model.

RESULTS AND DISCUSSION

The neural network classification models were based on
twor sample sets (sample set with or withouol derum) and
three different data pretrestments [Log (I/R) and the first
and second derivatives]. Dowell (1994) and Bochereau et al.
(1992) showed no benefit of wusing more than one hidden
layer. Thus, only the difference between one hidden Tayer
and no hidden layer networks were compared.

NEURAL NETWORK INPUT REDUCTION LISING THE
IMVERGENCE FEATURE SELECTION METHOD

The effect of hidden layer nodes and a hidden layer on
single wheat kermel color classification was determined
using Log {1/R) values from 375 keenels for the training
set and 600 kemels for the testing set with 40,000 learming
evenis over the wavelength region of 450 to 850 nm (rable
3). The results indicated that the network with one hidden
layer did not improve the classification accuracy even when
a different number of hidden layer nodes, which agrees
with results publishad by Chen et al. {1993) and Song et al.
(19935), was used. Better performance occurred when there
was no hidden layer. Therefore, the following discussion
and results refer to the network models without a hidden
layer.

The major parameters that affect the classification and
the training speed of the neural networks are the number of
learning cyeles (events), leaming riate (1), and momentum
(o). Table 3 shows the effect of learning rate and
momentwm on the classification accuracy. The results show
that when the momentum was kept constant (M = 0.4), the
highest learning rate resulted in the lowest classification
accuracy. Leaming rate determines how much of the error
to propagate back into the preceding nodes, and it affects
the speed of convergence of the network. A lower learning
rate (< (L.4) may be slow because of small weight changes,

Vor. 42(1): 233-240)

and may need more leaming cycles to achieve the required
emar level. A high leamning rate (> 0.6) may not produce
convergence., Therelore, the learning rate of (06 and
momentum of (04 were wsed for network training. The
learning cycles used during network training were based on
the netwaork with the highest testing accuracy.

The testing results for two sample sets with three
different data pretreatments using the wavelength regions
listed in table 2 are summarized in table 4. For both sample
sets, the average classification accuracy ranged from 96.4%
e YK 8%, and the average number of leaming evenis for
each record was from 65 to 1{0. For both sample sets, the
highest classification accuracy was obtained from Log
(1/R), followed by first derivative, The highest accuracies
were 98.35% for the sample set without durum and 98.8%
for the sample set with durum,

‘Table 3. Effect of hidden layer nodes and one hidden layer on color
classification when 375 kernels were used as o training set and 604
kernels served as testing set. The neiwork was irained for 40,000
learning eventy over the wavelength region of 450 to 850 nm

Misclassified Kemels
One Hidden Layer with
. ) DifTerent Number of Node:
Leaming Rae  No Hidden erent Number of Nodes
{ Momentam Layer 5 1] n A4l

Leaming rate iMomentum = (.4}

0l 13 x » 27 n
0.4 13 26 kil 25 28
X 13 25 24 24 %
0.9 23 El] I 29 El
Momenmom {Learning rate = 0.6}

0.1 13 28 27 209 1
(LB ] 13 Fal 24 24 1

11 13 »n Ll ] uw
0y 14 26 7 7 T

Table 4. Testing results for o nearnl network when the
divergence feature selection was nsed

Calibration
Classifwation
. Cycle/
Calibrarion Mode] Accurscy (%) Spectrum
I Pretreatiment nt* Redt Whitet  Awg.  {Totsl Cyele)

Sample se1 without durum

Log(1/R) G010 7.4 092 983 65
{243T5)

151 derivalive G00(15y 974 916 a5 95
RSN

2 derivanve 60020y %466 96,8 967 100
(375007

Sample se1 with durum

Log(l/R) G675(8) 983 0o 2 Q8.8 75
(33750)

Ist derivarive 65019} 96.0 955 972 k3
{3IB250)

2nd derivative HT5(24) 51 a7.s Q.4 1]
{ 360003

* MNumber of kernels,

Red = hord red sprng + hard red winler + sofi red winier; White =
hard white wheat + soft white wheat for sample ser withoot durum;
White = hard white wheat + solt white wheat + durum for sumple sei
with durom.

4 Wolues in purenibieses = the number of kemels misclussified.



NEURAL NETWORK INPUT REDUCTION UsinG PRINCIPAL
COMPONENTS ANALYSIS

Two types of neural network models were tested. One
peural network model had 10, 15, and 20 input nodes
without & hidden layer. The other model had one hidden
layer with 3, 7, and 7 hidden nodes, respectively, for the
neural network model with 10, 15, and 20 input nodes,

The testing results are shown in table 5. The
classification accuracies were similar between the neural
network with a hidden layer and without a hidden laver.
The highest classification accuracy for the sample set
without durum was 98% obtained from Log (1/R) with
20 input nodes and wsing the network without a hidden
layer. For the sample set with durum, the highest
classification accuracy was 96.3% obtained from
Log (I/R) with 10 input nodes and using the network
without a hidden layer. Among the data pretreatments,
Log (1/R) yielded the highest classification accuracy and
the second derivative yielded the lowest classification
accuracy (less tham 80%) for the two types of neural
network models (with or without a hidden layer),

Figure 4 shows the first three extracted principal
components from the training set with Log (1/R). The first
principal component, which accounted for the maost
variance of the data set, was probably due to the color
variation between red wheat and white wheat. Because the
first principal component in the NIR region of 800 to
1700 nm is almost flat, it can be considered that the first
compaonent is not related to any major constituents of wheat
such as protein, moisture, oil, starch, or cellulose. The
second principal component, which had large scores
around 590 nm, may be caused by the visible color of the
kemel. The third principal component, which had large
scores around 590 nm and 1570 nm, was dominated by
color charactenstics (390 nm) and protein and hardness

Table 5. Testing results of 3 nenral network using
principal components as inpuls

Classification Accuracy (%) for No. of Input Nodes

Pretreatment 10 15 il
Sample set without durum®*
No hidden layer
Log UR 952 952 980
Ist decivative 848 #7.3 870
Ind derivative 69.7 G6E2 692
With hidden layer
Log VR 4.8 5.3 95.0
15t derivative BR.T 875 BB
2nd derivative 64.6 69.2 G9.8
Sample set with durum™®
Mo hidden layer
Log I/R 96,3 047 95.3
1st denivabve 916 00.7 202
2Ind derivative 75,7 78.5 T4
With hidden layer
Log L/R 958 954 058
15t derivative 9.1 Q0.5 9.6
2nd derivative 761 TR 79.7

* For the sample set without durum, the number of kemels in the testing
sef are: red = 350 and white = 250 For the sample set with durum, the
number of kernels in the calibration set wre: red = 225 and white =
215; the number of kemnels in the testing set are: red = 350 and whire
= 325,
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Figure 4=First three principal components {factors) exiracted from
the training set with Log (1/R).
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Flgure 5-First three principal componenis (factors) extracted from
the training set with the first derivative.

(1570 nm) (Murray and Williams, 1990: Burns and
Ciurczak, 1992). However, the third principal component
accounted for a small amount of variation of the data set
when compared to the first two principal components.
Figure 5 shows the first three principal componcnts
extracted from the training set with the first derivative. The
first principal component, which had large scores from
600 to 1000 nm, was dominated by variation due to color
class, The divergence feature selection method showed that
the largest distance between red and white whealts for the
first derivative is from 550 to 950 nm (table 2). The score
peaks and valleys (1132, 1246, 1300, 1438 nm and others)
may be related to wheat color class or interaction of the
major functional group such as protein, starch, water, oil,
and cellulose, The other peaks and wvalleys in the first,
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Figure &—First three principal components (factors) extracied from
the training s¢l with the second derivative.

secomd, and third principal components may relale o
protein, oil, starch, hardness, and interaction of the major
constiments of wheat.

Figure & shows the first three principal components
extracted from the training set with the second derivative.
Score peaks and valleys around 560, 650, 750, 788, 814,
and 840 nm are related to wheat color class (Wang, 1997).
But these score peaks and valleys are weaker than the other
scare peaks and valleys in the longer wavelength region.
The strong score peaks and valleys that occurred in the first
three principal components are mostly related to protein,
oil, and kernel hardness. For example, the score peaks and
valleys around 1200, 1390, and [480nm are strongly
related to protein content in the wheat (Delwiche, 1996;
Delwiche and Massie, 1996). The score peaks and valleys
arpund 960, 1060, 1330, 1390, 1480, and 1680 nm are
strongly related to the kemel hardness of wheat, and
1390 nm is also related to oil content of wheat (Delwiche,
1993, 1996; Delwiche and Massie, 1996; Murray and

Table 6. Effect of kernel hardness on percentage of misclassified
kernels when principal component analysis was used for
neural network input reduction (S00-17H nm)

Misclassified Kemels (%)

Data Pretreatment Hard Wheat Soft Wheat
Log (L/R)
Red whest 43 10
Whaite wheat 120 2]
Lst dervative
Red wheat 16 210
Whate wheat 16,8 400
2nd derivitive
Red whest 230 330
White wlcat 8.4 AL

VoL, 4201 233-240

flliams, 1990; Burns and Ciurczak, 1992), These strong
score peaks and valleys related to protein. oil, and kernel
hardness likely reduced the classification accuracy of red
and white wheats when PCA was used,

Tabhle 6 shows the effect of kemel hardness on the
percentage of misclassified kernels when PCA was used to
reduce the neural network input dimension, For red wheats,
soft wheat had a high percentage of misclassilied kernels.
For white wheats, hard wheat had 2 high percentage of
misclassified kernels. These results indicate that kernel
hardness affects wheat color classilication.

CONCLUSIONS

1. Divergence fealure sclectiom and principal
components analysis methods are effective for
neural networks input data dimension reduction.

2. The accuracies for single wheat kernel color
classification ranged [rom 964% 1w 98.8% lor
different data pretreatments when the divergency
feature selection method was used for data
dimension reduction.

1. The accuracies for single wheat kemel color
classification ranged from 68.2% to 98% for
different data pretreatments and the number of
principal components used when the principal
components analysis method was used 1o for data
dimension reduction.

4. For both data reduction methods, Log (1/R) yielded
the highest classification accuracy and the second
derivative yielded the lowest classification accuracy.
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